We show that the inability of a standardly-calibrated stochastic labor search-and-matching model to account for labor market volatility extends beyond U.S. data to a set of OECD countries. That is, the volatility puzzle is ubiquitous. We also argue that using cross-country data is helpful in evaluating the relative merits of the model alternatives that have appeared in the literature. In illustrating this point, we take the solution proposed in Hagedorn and Manovskii (2008) and show that it continues to result in counterfactually low labor market volatility for some countries in our sample where the degree of persistence in the underlying productivity process and/or steady-state job-finding rates are sufficiently low. Moreover, the model's ability to generate data-like labor market volatility largely disappears for vacancy-filling rates smaller than in the U.S.. JEL Classification: E24, E32, J63, J64.
Introduction
Labor market search models as pioneered by Diamond (1982) , Mortensen and Pissarides (1994) , and Pissarides (2000) , henceforth DMP, have proved to be very useful in understanding equilibrium unemployment and vacancies as well as the long-run relationship between the two. However, when the model is extended to accommodate aggregate fluctuations, as in Shimer (2005) , it fails to generate the observed volatility at business-cycle frequencies by an order of magnitude. In particular, the model requires implausibly large shocks to generate substantial variation in key variables; unemployment, vacancies and market tightness (vacancy to unemployment ratio). This "volatility puzzle" has spurred a considerably large literature on the subject and a scramble for a "solution". 1 The availability of vacancy data from the OECD, as well as the work of Elsby, Hobijn, and Sahin (2011) in estimating job-finding and separation rates in a set of OECD countries has created an opportunity to analyze labor market fluctuations, in the context of a search model, across a fairly large set of countries beyond the U.S. Such an analysis is important because potential solutions to the volatility puzzle have been associated with features of the economic environment that might vary, at least to a degree, across countries.
In this paper we accomplish three goals. First, we document a set of labor market facts at business-cycle frequencies for a cross-section of OECD countries, focusing on unemployment, vacancies, market tightness, and labor productivity. Second, we evaluate the DMP model's ability to replicate business-cycle frequency moments observed in the data. Simulations of the model calibrated to country-specific parameter values in a standard, Shimer (2005) -like way, fail to generate the observed degree of volatility in labor market variables. That is, the volatility puzzle is ubiquitous. 2 Third, and most important, we show how the cross-country scrutiny this data allows can be of help in evaluating the different solutions to the puzzle that have been proposed in the literature.
To illustrate this point we use the work of Hagedorn and Manovskii (2008) , henceforth HM, that shows how calibrating a modified version of Shimer (2005) to target average market tightness and the elasticity of wages with respect to productivity, enables the model to replicate the observed labor market fluctuation in the U.S.. This strategy fails to work for some of the countries in our sample. In some cases it leads to counterfactually low volatility in labor market variables, just like the standard calibration strategy, while in others it generates the precise opposite: volatility that far exceeds the magnitudes observed in the data.
There are two regions of the parameter space over which the HM calibration runs into problems. First, for countries that exhibit small enough persistence in their estimated productivity process, the model continues to deliver significantly smaller volatilities in labor market variables than seen in the data. The intuition is that everything else being the same, when faced with a positive productivity shock, less vacancies will be created in an economy where the shock exhibits relatively little persistence, as the expected gains from creating such vacancies are smaller. In turn, unemployment mechanically falls by less, as less vacancies are created. Secondly, for countries with very low job-finding rates the model generates lower volatility in unemployment. This is because conditional on existing vacancies a positive productivity shock means unemployment will decrease by less the smaller the job-finding rate is.
Our paper is related to a large body of literature that emerged in response to Shimer (2005) . In the standard stochastic version of the DMP model, firms respond to a positive productivity shock by creating more vacancies and therefore reducing unemployment duration. This puts upward pressure on wages, which absorb most of the productivity gains, resulting in insignificant changes in vacancies and unemployment. The first response in the literature was to propose wage rigidity as a potential resolution to the puzzle. Shimer (2004) , Hall (2005) and Kennan (2010) build on this diagnosis and introduce such a feature either exogenously or through an endogenous mechanism, such as asymmetric information. Subsequently, other studies provided alternative mechanisms that have the potential to amplify the effects of business cycles on vacancies and unemployment by extending the DMP model in several dimensions and/or approaching the calibration differently. This includes not only the aforementioned HM, but also Silva and Toledo (2009) that introduces post-match labor turnover costs. There is also a line of research that argues that incorporating on-the-job-search improves the quantitative fit of the model: Krause and Lubik (2006) , Nagypál (2006), and Tasci (2007) . Finally, Petrosky-Nadeau and Wasmer (2010) argue that financial frictions, in addition to labor market frictions, can significantly increase the response of vacancies and unemployment to productivity shocks. 3 Our paper provides a first step in the direction of testing the validity of these channels in a cross-country context. The ability of most (if not all) mechanisms described above to quantitatively match the volatility of labor market variables is predicated on particular calibrations designed to hit U.S. targets for the most part. We bring in an extra dimension of scrutiny that we hope will prove helpful in distinguishing between all the existent potential explanations. Recent work by Justiniano and Michelacci (2011) has proceeded in exactly this direction. They look at a real business cycle model with search and matching frictions driven by several possible shocks (neutral technology shocks, investment-specific shocks, discount factor shocks, search and matching technology shocks, job destruction shocks, and aggregate demand shocks) and estimate it on data from 5 European countries, in addition to the U.S. They find that while technology shocks are able replicate the volatility of labor market variables in the U.S. quite well, matching shocks and job destruction shocks play a substantially more important role in European countries.
Our own examination of the cross-country data, in section 2, reveals that there exists a fairly robust positive correlation between the volatility of the estimated productivity shocks in each country and that of vacancies and unemployment. This suggests that such shocks should be seen as a prime candidate for the underlying driving source of uncertainty in any business-cycle labor macro model. On the other hand, some of the moments we find in the data stand in stark contrast to the DMP model's basic transmission mechanism -for some countries we find very little correlation between productivity shocks and labor market variables, or even correlations of the opposite sign of what the model predicts. While we value parsimony and stand firmly on the camp that sees models as rough approximations of reality, we also think that there is high value to learning more about potentially different sources of shocks and frictions that may improve upon the model's ability to account for cross-country data.
Data
We have collected unbalanced data panels at a quarterly frequency on vacancies, unemployment, employment, labor force, and real GDP for a set OECD countries. The proximate sources are the OECD's Economic Outlook Database, the IMF's International Finance Statistics, Ohanian and Raffo (2012) , as well as some direct national sources. 4
While the data collection process for unemployment, employment, labor force and real GDP is fairly standard across the set of OECD countries we look at, the same cannot be said for the vacancy data. The OECD compiles its vacancy data from a variety of national sources with no harmonized reporting procedures. Nonetheless, to the extent that the majority of data collection differences manifest themselves at low frequencies, the fact that we detrend all variables using the HP-filter should help make the vacancy data more comparable across countries. A summary of the data appears in tables 5 to 10 in the appendix. 5
Since our panels are unbalanced across countries, and even across variables for the same country, we had to make a decision regarding what period samples to use. For each country we have chosen to look at statistics pertaining to the period for which all variables are available. Thus, for instance, 4 Please see the appendix for a detailed description of all the sources. 5 Throughout the paper all the variables are in log levels and productivity is defined as output per worker.
the sample for Australia extends from the second quarter of 1979 (before that vacancies were not available) to the second quarter of 2011. This means that we have different sample periods for different countries. In the appendix we show that the main data facts we look at remain unaltered when we use a shorter, common sample (from 1995 to 2011) for all countries.
A number of facts emerge, some new to the literature, some already known, that should provide useful benchmarks for business-cycle models of the labor market:
1. There is substantial variation in the degree of correlation between productivity and unemployment and between productivity and vacancies as shown in figure 1. While this correlation is mostly of the expected sign (negative for unemployment and positive for vacancies) there are exceptions lying outside the NW quadrant of the figure.
2. There is a fairly strong positive cross-country correlation between the volatility of productivity and that of both unemployment and vacancies as shown in figures 2 and 3.
3. Unlike what happens in the U.S., where vacancies and unemployment seem to be equally volatile, across countries, the former are much more volatile than the latter. Comparing figures 2 and 3 reveals that the median standard deviation of vacancies is over 60% higher than that of unemployment.
4. Vacancies and unemployment are both very persistent across countries, as seen in figure 4.
5. While virtually all countries show negative correlations between unemployment and vacancies, the strength of this relationship is, for all the countries in our sample, smaller than in the U.S., as seen in figure 5.
6. Both vacancies and unemployment lag productivity, while unemployment lags vacancies by roughly a quarter, on average, as shown in tables 34 to 36 in the appendix.
The first observation highlights the limits of technology shocks as the sole driving mechanism in the DMP model. In Spain, for example, it seems like productivity and vacancies do not co-move at all, while productivity and unemployment exhibit a puzzling positive correlation. In countries like Norway, Poland, and even Australia, it seems like the labor market is largely insulated from business cycle fluctuations. This suggests other mechanisms are at work. Moreover, the close linear relationship between the two sets of correlations suggests that whatever is driving a wedge between the behavior of productivity and labor market variables does it equally to unemployment and vacancies.
In contrast to the first observation, the second one suggests the DMP model with neutral technological shocks as the main driver is, by and large, an appropriate modeling framework, or at the very least one that is not rejected by these data.
The third point suggests vacancies are subject to extra amplification, at least if one is thinking about a common shock. This is something the DMP model delivers naturally, just like the fourth observation.
Regarding the fifth observation, one of the strengths of the DMP model, at least when compared to U.S. data, is that is able to deliver a very high correlation between vacancies and unemployment.
One might think that the fact that this correlation is smaller for all other countries could pose some difficulties for the model. It turns out it does, but for the opposite reason. As we will see in section 3.2, the model ends up underpredicting the (absolute) correlation between unemployment and vacancies.
Finally, a look at tables 34 to 36 in the appendix detailing cross-correlations between variables across time, confirms that some countries' business-cycles do not conform to the norm -this is the case of Spain, and to some extent, Norway. For the majority of countries though, a picture arises where unemployment reaches its trough roughly 3 quarters after productivity peaks, while vacancies peak roughly 2 quarters after productivity. As a consequence vacancies peak 1 to 2 quarters before unemployment reaches its trough.
In the next section we lay down the basic model and use the data to both discipline it as well as to obtain benchmarks against which to judge its performance.
Model
We use a stochastic, discrete time version of the DMP model akin to the one used in Shimer (2005) .
Each country is a closed economy and even though the calibration below is country-specific, in detailing the model, we abstract from country-indexing to make the notation easier to follow.
There is an underlying exogenous productivity process {p t } ∞ t=0 whose log evolves according to an AR(1) process log p t = ρ log p t−1 + ε t , where ε ∼ N 0, σ 2 ε . The economy is populated by two types of risk-neutral, infinitely-lived agents, a measure one of workers and a continuum of firms. Workers have preferences defined over stochastic streams of income {y t } ∞ t=0 and maximize their expected lifetime utility E 0 ∞ t=0 δ t y t , where the discount rate, δ ∈ (0, 1), is also the same rate at which firms discount profits.
At any point in time a worker is either matched with a firm or not. Unmatched workers are said to be unemployed and search for jobs while receiving a utility flow of z. Matched workers are said to be employed and while they are not allowed to search, they earn a period wage w t . This wage rate is the outcome of a generalized Nash bargaining problem where firms and workers bargain over the match surplus. We let the worker's bargaining power be denoted by β ∈ (0, 1). Firms and workers get separated with exogenous probability s. Firms are free to enter the market but have to pay a fixed vacancy posting cost of c to be able to obtain a match.
Let v t denote the measure of vacancies posted, and n t denote the measure of employed people.
Then, u t = 1−n t denotes the unemployment rate. The vacancy-to-unemployment ratio, θ t = vt ut , or market tightness, will turn out to be a key variable in the model, as it fully describes the state of the economy. We assume the flow of new matches is given by a Cobb-Douglas function
The rate at which workers find a new job is:
while the rate at which firms fill vacancies is
Employment evolves according to n t+1 = (1 − s)n t + m(u t , v t ), while unemployment's law of motion is u t+1 = u t + s(1 − u t ) − f t u t . In this model, there exists a unique equilibrium in which the vacancy-to-unemployment ratio, and consequently all other variables, depends exclusively on p and not on u, as shown in Mortensen and Nagypál (2007) . This is the equilibrium we focus on.
The value of a filled position for a firm is given by:
where the value of an unfilled vacancy for the firm is given by:
The value of a job for a worker is:
where the value of being unemployed is:
The firms' free entry condition implies that, in equilibrium, entry occurs until the value of a vacancy is driven all the way down to zero: V (p t ) = 0 for all p t . This means the match surplus is given by S(p t ) = W (p t ) + J(p t ) − U (p t ). Given the Nash bargaining weights, this means the firm gets J(p t ) = (1 − β)S(p t ), and the worker gets W (p t ) − U (p t ) = βS(p t ). Noting that the free entry condition implies c = δq t (p t )E t J(p t+1 ), this means that w(p t ) = βp t + (1 − β)z + βcθ(p t ). Finally, replacing this and the free entry condition into the value of a filled position for a firm yields a first-order difference equation that can be used to compute the equilibrium:
Standard calibration
As alluded to in the introduction, the model's ability to replicate the data ultimately depends on modeling extensions and on the calibration details. Here, to establish a benchmark for each country against which to test potential solutions to the puzzle we use the same calibration method as in Shimer (2005) . We will call this the standard calibration.
While most of the parameters are country specific, some are common across countries. In particular, we choose the model period to be a week and we set δ, the discount rate, such as to generate a yearly interest rate of 4%. The standard calibration uses the Hosios condition, which guarantees match efficiency and in the context of the model means α = β. Although there are a wealth of studies estimating matching functions across different countries, not all the countries in our sample, as far as we could find, were the subject of such studies, and more importantly, different studies often use different underlying data, estimation methods, etc., making it hard to compare across countries. 6 As a result we set α = β = 0.72 for all countries, the value Shimer (2005) estimates for the U.S. using data for the job-finding rate and the vacancy-to-unemployment ratio based on the Current Population Survey.
The remaining parameters are set on a country-by-country basis. The data on replacement rates, z i , are from the OECD and capture the average total benefit payable in a year of unemployment in 2009. Even though the OECD computes replacement rates net of taxes and tries to take into account housing and child support related benefits, comparisons across countries still suffer from the shortcomings laid out in Whiteford (1995) .
The separation and job-finding rates, s i and f i , are from Hobijn and Şahin (2009) who use data on job-tenure and unemployment duration to obtain their estimates. 7 Since the level of 6 A very nice survey of where this literature stood at the start of the decade can be found in Petrongolo and Pissarides (2001) .
7 Since the estimate for the U.S. separation rate in Hobijn and Şahin (2009) is considerably below others in the literature, we use the estimates from HM for the U.S.'s separation and job-finding rates.
the vacancy-to-unemployment ratio is meaningless in this particular calibration of the model we normalize its steady-state value to one, which means setting A i = f i . Normalizing the steady-state value of productivityp i = 1, we can recover the vacancy posting cost, c i , from the analogue of (1) in steady-state.
The parameters governing productivity's law of motion, ρ i and σ ε i , are set such that the autocorrelation and the standard deviation of the HP-filtered residual productivity in the model and the data are the same for each country. We approximate the AR(1) process described above with a discrete Markov Chain. When we apply the HP filter (a low-pass filter) to the simulated productivity data we are removing a highly autocorrelated trend. As a result we are unable to match the residual autocorrelation we measure in the data for some of the countries in our sample: France, the Netherlands, and Sweden. Instead of postulating a different productivity process and distancing ourselves from the literature along this margin, we opted for dropping these countries from our sample. Finally, the model does not account for movements in and out of the labor force, as it assumes the labor force to be constant. When we adjust the raw data by the labor force, the statistics we obtain hardly change, as most labor force movements tend to be of relatively low frequency and are therefore filtered out. 8 As a result, and for ease of comparison with most of the literature, we leave our data estimates unadjusted by the labor force. The calibrated parameters are summarized in table 1.
Results
Under the standard calibration we just detailed, and for all countries without exception, the model is unable to replicate the volatility in labor market variables by an order of magnitude. This is exactly what figures 6 and 7 illustrate, where countries are ordered by the share of variation in the data that the model can account for. This extends the finding of Shimer (2005) from the U.S. to a broad set of OECD countries. 9
We can also compare the model's ability to replicate the cross-country data to its ability to replicate U.S. data along other margins in the data. Starting with serial correlation, figure 8 shows that the model does a fairly good job of matching the persistence in unemployment. Even better, on average, for the cross-country data than for the U.S., as most countries are closer to the 45 degree line than the U.S.. This stands in contrast to the model's ability to replicate the high degree of serial correlation that vacancies exhibits, as shown in figure 9 . In this instance, the model does even worse on a cross-country perspective than for the U.S. alone. This well known shortcoming can be 8 The appendix contains tables with business cycle statistics for all variables when adjusted by the labor force. In terms of correlations, the DMP model's transmission mechanism is such that when there is a positive productivity shock vacancies go up (as the value of an unfilled position goes up with the expected match surplus) and next period's unemployment goes down as more vacancies result in more matches. While most of the data conforms to these correlation signs, there are some exceptions. As we already saw, in Australia, Poland, and Spain the correlation between productivity and unemployment is positive. More generally, the model systematically overpredicts the (absolute) correlation between productivity and unemployment for countries where this correlation is negative, as figure 10 shows. In this case, by looking only at U.S. data, one would be led to conclude that the model was doing a worse job than it is actually doing on a cross-country basis. 10 One dimension along which the model's ability to match the data may have been overstated in the literature (by virtue of the use of U.S. data) is along the unemployment-vacancies correlation margin. As figure 11 shows, just like in Shimer (2005) , the model does a perfect job at matching this number for the U.S., while in a more general sense it tends to underpredict the (absolute) degree of correlation, as all countries without exception lie above the 45 degree line. (2007), among others in the literature, observed that compared to U.S. data, the standard-calibration version of the DMP is unable to match the response of unemployment and vacancies to a productivity shock through time. In the data these responses are substantially shallower and slower moving when compared to the model. Figure 12 shows the median crosscorrelations through time in the model and in the data and confirms that this observation extends beyond the U.S. to our sample of OECD countries.
Fujita and Ramey

Targeting small profits and the wage elasticity
Another way the cross-sectional data can be of use is in helping evaluate the relative plausibility of the different resolutions for the volatility puzzle that have been suggested in the literature. Here we subject one of the most prominent proposals in the literature, the one in HM, to this cross-country scrutiny.
HM think of the standard DMP model as an approximation to a more complex model economy with heterogeneous agents and curvature both in utility and in production. They suggest an alternative mapping between the data and a slightly modified version of the model above. Here we 10 The corresponding figure for the correlation between productivity and vacancies is even more stark as the model basically predicts a 0.99 correlation for all countries.
follow their work closely, and change the matching function to
, in order to have job-filling rates and vacancy filling rates that lie between zero and one.
In addition, the vacancy posting cost is no longer constant and is the sum of a capital cost component and a labor cost component that are both cyclical:
where ε w,p is the elasticity of wages with respect to productivity, and c k and c w are endogenous objects that depend on the steady-state values of unemployment, vacancies, production, job filling rates and income factor shares. 11
The idea behind the calibration strategy is to generate large percentage changes in profits (and therefore in the corresponding vacancy postings) in response to changes in productivity. This will be the case if steady-state productivity and the replacement rate are close enough, conditional on other parameter values. HM accomplish this, in the context of U.S. data by targeting labor market tightness and the elasticity of wages to productivity.
While separation rates continue to be calibrated directly to their data counterpart, the same is not true of replacement rates. The idea being that the utility flow unemployed agents receive in the model, z, stands in for more than measured replacement rates and includes things like home production and leisure. The strategy is then to set values for parameters β i , z i , and l i for each country, so as to match the steady-state job finding rate, f i , the steady-state labor market tightness, θ i , and the elasticity of wages with respect to productivity in the data, ε i w,p . The values for the average monthly job-finding rates in each country, f i appear in table 1. To compute average market tightness, we use the fact that θ i = f i /q i . We don't have country specific data for the monthly vacancy-filling rate q i , so for comparison purposes we use the same value as in HM, q i = q = 0.71 for all countries. 12 It should be clear that even though we have a common target for the vacancy-filling rate, q, and use it to compute market tightness for each country, it is still the case that we are jointly determining three parameters, (β i , z i , l i ), to hit three targets (θ i , q, ε i w,p ), and therefore do not have an extra degree of freedom. To compute the labor share of income we use OECD data. For each country and quarter we take employee compensation and subtract indirect taxes and then divide the result by GDP also 11 For the exact form of c k and cw, please see HM. 12 A discussion of the appropriateness of this numerical value appears in section 4.1.1. net of indirect taxes. 13 We then multiply this share by labor productivity, obtaining total wages per worker. We HP filter this series and compute its elasticity with respect to productivity. The measure varies substantially across countries, from near acyclicality in Austria to a relatively strong procyclicality in Spain, as can be seen in table 2. 14
Results: labor market volatility
The calibration is able to match all targets exactly and the parameter values that do so are in table 2. As figures 13 and 14 show, while this calibration strategy is able to account for the volatility of labor market variables in most countries, it can still run into problems. The model not only continues to underpredict the volatility of labor market variables for some countries, like Portugal and Spain, but it can also be prone to overprediction, as in the case of Japan and U.K. vacancies. 15
While one can argue that Japan is a little bit of a data outlier in the sense that it exhibits volatilities for both unemployment and vacancies that are roughly half of the next lowest country values, the same cannot be said of Portugal and Spain, or U.K. vacancies. Finally, while the model seems to severely underpredict German unemployment volatility, this finding is not robust to considering post-reunification data only. As figure 19 in the appendix shows, if one looks at data from 1995 on only, the relative volatility of unemployment declines by more than half.
To better understand under what circumstances this calibration strategy may fail to generate data-like volatility, we conduct some counterfactual experiments where we vary selected parameters and compare the outcomes to the benchmark calibration. Table 3 We find that the model's ability to deliver volatility magnitudes that are in the data's ballpark depends crucially on the persistence of the underlying process and also, at least as far as the volatility of unemployment is concerned, on the average job-finding rate.
We start with Portugal, where the calibrated replacement rate, z, is higher than that of the U.S., 13 A better measure would subtract other ambiguous components of income. Unfortunately the OECD does not report proprietors' income separately from corporate profits, so that our measure apportions the totality of proprietors' income to capital income.
14 Data availability constrains our sample to 9 countries. We opted to exclude Finland because it exhibits a slightly negative elasticity, a target the model cannot hit. Nonetheless, the fact that some countries exhibit negative elasticities should itself be seen as a challenge to the model. 15 The country-by-country business-cycle statistics and their model counterparts are shown from tables 24 to 32 in the appendix.
for example, and yet it generates essentially no labor market volatility, seemingly contradicting the rationale in HM. In the first experiment we take Portugal's calibrated parameters and reduce steadystate (accounting) profits further by increasing the replacement rate z so as to match the relative volatility of vacancies observed in the data. Unemployment volatility fails to increase along with the volatility of vacancies because of the counterfactually low job finding rate (it falls to practically zero) that results from the the replacement rate increase. To generate an increase in the volatility of unemployment we need to decrease the workers' bargaining power (we set β = 0.01), but this leads the elasticity to plunge away from its target, besides reducing the volatility of vacancies.
The first two experiments suggest that further pursuing the strategy of reducing profits to exaggerate percentage changes in response to productivity changes does not work in this instance. Why should this be the case? The next experiment, where we set ρ = 0.99, suggests that the answer may lie in the productivity process itself. In particular, its relatively lack of persistence when compared to other countries like the U.S.. When we increase persistence (and change nothing else) the implied volatilities jump to realistic levels, although the elasticity of wages becomes counterfactually high. Nonetheless, this suggests that the productivity shock's persistence may play an important role. At the same time, Portugal's extremely low job finding rate suggests that the volatility in productivity shocks may not necessarily translate into volatility in unemployment.
Without holding constant some of the targets these are just conjectures, though. To verify them more precisely we generate a series of simulated economies that differ only in their average job finding rates, and in their unconditional first-order auto-correlation of the productivity process. 16 Other than this, the parameters are calibrated to common targets (eg. separation rate, wage elasticity, and the productivity shock's unconditional variance).
The top two panels in figure 15 report the resulting relative volatility in labor market variables for each of these economies. The left panel shows that an economy with a monthly job finding rate of 0.035 (Portugal is at 0.039) -at the very low end of the job finding rate axis in the figure -and a first order auto-correlation of 0.5 (Portugal is at 0.46) actually experiences shock dampening as the standard deviation of unemployment is roughly a third of that of productivity. On the other hand, an economy with the U.S. job finding rate, 0.48, and first order auto-correlation, 0.75, generates substantial amplification. Together these two factors can account for a factor of 20 in the relative standard deviation of unemployment. The right panel in the first column shows that, as far as the relative volatility of vacancies goes, the persistence of the productivity process can account for roughly a factor of 6, while variations in the job finding rate have non-monotonic effects and result in economies with lower job finding rates actually exhibiting higher volatility in vacancies, although not by a large factor. 16 We vary both ρ and σε to generate different autocorrelations while keeping the unconditional variance constant.
We need to answer two questions. The first one is why do economies that exhibit more persistence in their productivity processes generate a larger volatility in labor market variables? The second one is why do economies with lower job finding rates exhibit lower volatility in unemployment but not in vacancies? The mechanism at work behind the first effect should be clear:
conditional on a positive shock, expected firm profits are higher in an economy where persistency is higher, so firms post more vacancies in response. At the same time, given the same job-finding and separation rates, unemployment decreases by more, because more vacancies result in more matches, and therefore also exhibits higher volatility. This is exactly what we see in the impulse response functions (to a positive productivity shock) for vacancies and unemployment in the two bottom panels of figure 15 .
The answer to the second question is that, conditional on a positive productivity shock and on a given number of posted vacancies, unemployment will decrease by less in an economy where the job finding rate is smaller. In turn, because expected profits will be smaller, there is a negative wealth effect that leads firms to post more vacancies and a substitution effects that leads them to react in the opposite direction, conditional on everything else. Ultimately, for a low enough job finding-rate the former dominates.
We run comparable experiments for Spain in table 3 that largely illustrate the same point.
But the Spanish case adds a further, more subtle, refinement to our argument, which is that what ultimately constitutes low persistence is dependent on how elastic wages are. The higher this elasticity is, the more persistent the productivity process needs to be if the model is to generate high enough labor market volatility. To wit, Spain's productivity process is as persistent as those of Germany and Austria but, because of it has a much higher wage elasticity, the parameter that largely captures how much of the increase in surplus is captured by wages, β, needs to be higher.
In turn, to continue matching the roughly similar accounting profits across countries (implied by free entry and vacancy costs), z needs to decrease to compensate for the increase in β, ultimately killing amplification.
From the point of view of the HM calibration strategy, the U.K. presents the opposite challenge from a country like Portugal: it has an extremely persistent estimated productivity process and a relatively low wage elasticity. The only way to match this low elasticity with such a persistent process is with an extremely high replacement rate, z, and a very low worker's bargaining power, β.
This leads to vacancy volatility overprediction. The reason this does not result in unemployment volatility overprediction is that the job finding rate in the U.K. is low enough. This would be the case if it had, say, the U.S. job-finding rate. When we lower z to roughly match the vacancy volatility, the resulting elasticity and job finding rates double above their targets. The final row shows that if the U.K.'s productivity process exhibited lower enough persistency it would be possible to hit all targets with a smaller replacement rate than in the benchmark, while at the same time generating data-like volatilities. 17
Finally, one may be concerned that the particular matching function specification used may be constraining the model's ability to fit certain dimensions of the data, particularly for countries where flows are small. With this in mind we ran an experiment where we use a slightly generalized version of the matching function, allowing us to weigh unemployment and vacancies differently:
Varying γ ∈ (0, 2) and re-calibrating all other parameters to hit the same targets in the Portuguese economy we found no substantial changes in the volatility of labor market variables. 18
The vacancy-filling rate: discussion
In the calibration above we set the common monthly vacancy-filling rate to q = 0.71 following HM.
This paper, in turn, cites den Haan, Ramey, and Watson (2000), henceforth HRW, as a source for this numerical value. There is a problem with simply transplanting this value: the models are different. In HRW this value is generated by a model that includes, among other things, an endogenous separation decision -a margin that firms take into account when making vacancy posting decisions, and therefore affects the vacancy-filling rate. Moreover, the HRW model is calibrated so that this is a quarterly, not monthly, value.
Measuring vacancy-filling rates is particularly hard. In the U.S., the Job Openings and Labor Turnover Survey (JOLTS) has measures of the monthly stock of vacancies and subsequent month hirings, but it fails to take into account vacancies that are created and filled within the same month. As a result, as much as 42% of a month's hiring come from establishments that reported no vacancies in the previous month. 19 To get around this, and other problems, in recent work, Davis, Faberman, and Haltiwanger (2013) develop a daily hiring dynamics model and calibrate its monthly implications using JOLTS data (at the monthly frequency). They find an average daily vacancy-filling rate of 0.05, which suggests that q = 0.71 may be a roughly appropriate value for the monthly vacancy-filling rate in the U.S..
While this monthly value may be appropriate for the U.S., a country with relatively high job 17 The reason we do not hit all targets precisely here is that we are not changing β and l. We simply want to illustrate the mechanism at work.
18 While this specification retains constant returns to scale, it no longer insures that f and q are between zero and one.
19 See Davis, Faberman, and Haltiwanger (2013).
turnover, the scant existing evidence suggests that this number may be too high for other countries.
Using Dutch establishment survey data, van Ours and Ridder (1992) estimate the quarterly vacancy filling rate to be 0.71, implying a substantially lower corresponding monthly value.
To better understand how much of the results depend on our assumption of this arguably high value for a monthly filling rate in countries other than the U.S., we conduct some sensitivity analysis where we take the stance that this is a quarterly value (q Q = 0.71) and that there is a constant hazard rate over the quarter, so that the corresponding monthly value is q = 1
0.34.
We recalibrate every economy to hit the same targets under this new value for the vacancy-filling rate. As table 4 shows, this results in unambiguously smaller replacement rates, z i , and therefore reduces amplification by a factor as high as 3 in some instances.
While we judge the HM calibration to be largely successful in bringing the model closer to the data along the labor market volatility dimension, this sensitivity analysis reveals that our conclusion is very much predicated on values for q that are high enough. To get a clearer picture, a better sense of cross-country vacancy-filling rates is needed. Our own reading of the available data is that while a monthly vacancy-filling rate of 0.71 may be appropriate for the U.S., it might be too high for other countries in our sample that are characterized by less dynamic labor markets.
Results: cross-country performance
Along dimensions other than labor market volatility, the HM calibration is less successful in improving over the standard calibration -in fairness, it was not designed to do this. Here we highlight two such dimensions. 20
The standard calibration systematically underpredicts persistency in vacancies. Part of the HM calibration's success in increasing the volatility of vacancies comes at the the expense of a move towards even less persistent vacancies, as figure 16 shows. 21 Note that the productivity processes used are the same, so the changes in persistency are not inherited from changes to the underlying shock process. Because it results in higher replacement rates, the HM calibration increases the unconditional variance of vacancies by more than the covariance between v t and v t−1 , therefore reducing first-order autocorrelation.
By lowering the persistency of vacancies, the HM calibration also leads to a deterioration in the model's performance in terms of the contemporaneous correlation between unemployment and vacancies, as shown in figure 17 . This follows because match formation (and unemployment) respond to vacancy posting with a one-period lag, so the model is designed to deliver a peak 20 The HM calibration improves modestly over the standard calibration in reducing the correlation between productivity and vacancies. Along other margins the two calibrations are essentially equivalent. 21 The black dots represent the standard calibration while the red dots stand for the HM calibration.
negative correlation between unemployment and vacancies at a one-period-lag: ρ(v t−1 , u t ). By decreasing vacancy persistency, ρ(v t−1 , v t ), this mechanically results in a fall in contemporaneous correlation between vacancies and unemployment: ρ(v t , u t ).
Conclusion
While the DMP framework, either on its own or embedded in larger models, has become widely used to study labor market fluctuations, this has been done largely on a country-by-country basis and for a very limited set of countries at that. We use cross-country OECD data to systematically discipline the model and evaluate its performance.
The data seems to support, by-and-large the use of technology shocks as the main driver. We go on to show that the model's inability to deliver the degree of labor market volatility present in the data extends beyond the U.S. and to a set of OECD countries, establishing the pervasiveness of the volatility puzzle. To further illustrate the usefulness of the cross-country scrutiny, we modify the standard model as proposed by HM and show that while the model's ability to match labor market volatility improves substantially, this improvement in not generalized.
In particular it does not work for economies that have sufficiently small job-finding rates and/or productivity processes that are not persistent enough.
The extension proposed by HM is only one of many that have been put forward in the literature to try to reconcile the predictions of the DMP model with the data. In future work, data permitting, we plan to use this cross-country framework to examine other proposed solutions. 
